• Water stress in multiple quinoa varieties were introduced.
Q uinoa (Chenopodium quinoa Willd.) is a dicot annual species that belongs to the family Amaranthaceae, which include important plant species such as spinach (Spinacia oleracea L.), sugarbeet (Beta vulgaris L.), and other weed species (Zurita-Silva et al., 2014) . Quinoa is known for its high nutritional value with high protein content (about 16%) and right balance of carbohydrate, essential amino acids, minerals, and essential oil (Zurita-Silva et al., 2014) . Moreover, quinoa is a good source of vitamins, oil with high linoleate and linolenate content (55-66% of the lipid fraction), natural antioxidants, and minerals (Zurita-Silva et al., 2014; Wu, 2015) . Due to exceptional nutritional value and tolerance of abiotic stresses with wide genetic diversity, quinoa is gaining global attention (Murphy et al., 2016; Hinojosa et al., 2018) . However, it is important to develop/identify varieties that are adapted to local environmental conditions (altitude, temperature, humidity) for enhanced productivity. In this regard, quinoa breeding programs offer additional opportunity for further crop adaptation to local agro-ecological conditions (Zurita-Silva et al., 2014; Jarvis et al., 2017) . Crop phenotyping refers to comprehensive assessment of complex plant traits such as growth, development, tolerance/resistance, physiology, and performance traits that result from an interaction between genotype and environment (Li et al., 2014; Kirchgessner et al., 2017) .
In recent years, multiple sensing systems integrated with variable platforms are being utilized for high-throughput phenotyping of agronomic and performance traits (Araus and Cairns, 2014; Andrade-Sanchez et al., 2014; Deery et al., 2014) . Most of the studies reported in literature evaluating the relationship between sensor-based phenotypic data utilize either handheld sensors (Gizaw et al., 2016) , sensors mounted on ground platforms (Andrade- Sanchez et al., 2014) , or sensors-mounted unmanned aerial systems (UAS, Haghighattalab et al., 2016) . Each of these scales have their benefits and limitations. For example, the handheld sensors can acquire data at a leaf-level, which can be simple and efficient process for capturing quality data. However, the throughput of data acquisition can be limiting. In regard to ground-based platforms and UAS, the throughput of data acquisition can be higher. The UAS is limited by sensor payload, whereas data acquisition using ground-based platforms is yet slower than UAS. Moreover, UAS-based sensors allow data capture from multiple plots at a given time-point, although the image/data resolution is lower than the other two scales. For a breeder interested in using sensors for phenotyping, it is important to understand the benefits and limitations of sensors used in different scales for a desired application. It is also important to note that the evaluation of cropspecific traits is necessary prior to the adoption of sensing techniques for high-throughput phenotyping and therefore, the present study focuses on quinoa phenotyping using sensors at different scales.
The applications of sensing system for phenotyping in quinoa are limited to handheld sensors (Winkel et al., 2002; Razzaghi et al., 2012; Riccardi et al., 2014) , and studies reporting the value of remote sensing data in variety selection can improve the knowledge, applicability, and throughput of phenotypic data acquisition, and therefore important in breeding programs. Thus, the major goal in this work was to evaluate the potential of multiple sensing system to phenotype crop performances of quinoa varieties under irrigation treatments. The handheld (multispectral sensor), proximal (multispectral and thermal camera), and remote sensing (UAS-based multispectral and thermal camera) data were acquired at different stages of crop growth.
MATERIALS AND METHODS

Plant Material and Ground Reference Data
Eight quinoa varieties (17 GR, 3 UISE, Baer, BGQ 352, Japanese Strain, La Molina, Pison, and QQ74-referred as V1 to V8, respectively; Supplemental Table S1 ) were grown in a 3 × 1 m plot at the Washington State University's Spillman Agronomy Farm in Pullman, WA, USA (46°41¢54² N 117°08¢48² W, altitude 760 m) in a silt loam soil with a pH of 5.4 to 5.6 and 2.3% organic matter. Two treatments (2016 field season) were utilized in this study, which include plots with standard irrigation (251 mm + 37 mm) and without irrigation (37 mm, rain-fed). The plots were planted using a split plot randomized complete block design with four replicates. Ground reference data included stomatal conductance (g s ) data acquired using porometer (SC-1, Decagon Devices, Pullman, WA, USA) at different time points, in addition to days to flowering, plant height, and seed yield at the end of the season.
Sensing Data Collection
Data were collected at three different scales (Supplemental Fig. S1 ).
1. Handheld sensing of canopy reflectance using the CROP-SCAN multispectral radiometer (CROPSCAN, Inc. Rochester, MN, USA)-referred as Crop Scan henceforth (red, R = 680 nm, green, G = 550 nm, near infrared, NIR = 780, 900, and 970 nm).
2. Proximal sensing at 3.5 m above ground level (AGL) using ground-based platform integrated with multispectral (NiteCanon ELPH110, LDP LLC, Carlstadt, NJ, USA), and thermal camera (Tau 2 640, FLIR Systems, Wilsonville, OR, USA); the cameras in the ground-based sensing platform were triggered simultaneously using an external trigger developed for this purpose. 3. Remote sensing using unmanned aerial system (UAS, ARF OktoXL 6S12, HiSystems GmbH, Moormerland, Germany) integrated with same cameras (multispectral and thermal) as those used for proximal sensing. The UAS was powered with a 6500 mAh Lithium-ion polymer battery pack and controlled with a radio transmitter (MX20 Hott, Graupner, Stuttgart, Germany). The data were acquired at 100 m AGL.
The multispectral image had three spectral bands, near infrared (680-800 nm), green (470-570 nm), and blue (380-480 nm). The image was an 8-bit image with 4608 × 3456 pixels. A reference panel (Spectralon Reflectance Target, Spectra Vista Cooperation, New York, NY, USA) was used for radiometric calibration. In regard to thermal imaging, 8-bit images of 640 × 512 pixels were collected. During remote sensing data collection, sensor firmware allowed capture of images at intervals of 5 s. The data were collected at multiple time points at growth stages defined using the Biologische Bundesanstalt, Bundessortenamt, CHemische Industrie (BBCH) code system growth stage scale (Sosa-Zuniga et al., 2017) 
Image Processing, Feature Extraction, and Statistical Analysis
The image processing protocol for analyzing multispectral and thermal images were similar to those described in our previous work (Espinoza et al., 2017) . The remote sensing images were analyzed using customized algorithms developed in Matlab's Image Processing Toolbox (version R 2015b, Mathworks, Natick, MA, USA). The first step during multispectral image processing was radiometric calibration using the reference panel (99% reflectance in visible-near infrared range). This process eliminates the differences in reflectance within a day or between days based on incident solar light intensity. For this process, a region of interest area was selected around reference panel in the image, and correction factors for each band correction (G, NIR) were computed. The correction factor is 255 (maximum digital number/pixel intensity) divided by the digital number of reference panel for that band in the image. Accordingly, each digital number of every pixel was adjusted by multiplying it with the correction factor. After the images are radiometrically corrected by (Gitelson and Merzlyak 1998) image was derived from the multispectral image (Eq. [1]). Any soil background was removed using thresholding (GNDVI < 0.1), where pixels above this threshold were considered as canopy. Finally, the average GNDVI for an individual plot was extracted and exported for statistical analysis.
where, R NIR and R G represents reflectance in NIR and G bands, respectively. In regard to the thermal images, the regions of interest representing individual plots were segmented, the background was removed using a temperature threshold of 50°C (e.g., soil temperature), and the average canopy temperature (UAS.T) of individual plots was extracted. Supplemental Fig. S2 shows sample multispectral, GNDVI, and thermal images. In regard to the proximal sensing data, similar protocol was followed (with the exclusion for plot segmentation) to extract average GNDVI (PRO. GNDVI) and temperature (PRO.T) from individual plot images (Supplemental Fig. S3 ). During the analysis of Crop Scan data, in addition to the GNDVI (CS.GNDVI) data, average normalized difference vegetation index (CS.NDVI, Eq.
[2]) and water band index (CS. WBI, Eq.
[3]) (Rouse et al., 1974; Peñuelas et al., 1993) for each plot were also derived.
where, R R , R 970nm , and R 900nm represents reflectance at red, 970 nm, and 900 nm bands, respectively.
Finally, the average vegetation indices (GNDVI, NDVI, WBI) and canopy temperature were compared with the ground-reference data (stomatal conductance, days to flowering, plant height, and seed yield), in addition to comparison of data acquired at different scales. The data were analyzed in R Studio (version 0.99.451, R Studio Inc., Boston, MA, USA). The Pearson correlation analysis and analysis of variance (ANOVA) with multiple comparison using the least significance difference (LSD) test were performed during statistical analysis. All results were inferred at a 5% level of significance.
RESULTS AND DISCUSSION
Role of Water Stress on Crop Traits
The summary statistics of stomatal conductance and sensorbased features, and statistical analysis performed to evaluate the average feature data differences among varieties and between treatments within a variety at different time points are summarized in Supplemental Tables S2 and S3 . In all varieties (except V3 and V4 at D1, and V6 and V8 at D3), as expected, the stomatal conductance of plants with standard irrigation was higher than those in the nonirrigated plots. Similarly, the NDVI and GNDVI data (Crop Scan, proximal/remote sensing) of plants in plots with standard irrigation were higher than those from non-irrigated plots at most times. The WBI (Crop Scan) and canopy temperature value (proximal and remote sensing) of plants from irrigated plots were also lower than those from non-irrigated plots. In general, under water stress, the stomatal closure induces increase in canopy temperature. Similarly, under water stress conditions, absorption at 970 nm decreases relative to 900 nm, thereby increase WBI values with increasing water stress. The NDVI values were also higher than the GNDVI values computed from Crop Scan, and the GNDVI values extracted from proximal and remote sensing images were lower than those from Crop Scan. This could be resulting from differences in scale, where Crop Scan captures leaf-level reflectance, whereas proximal/remote sensing tools capture canopy level measurements.
The stomatal conductance measurements, which usually represents the water-use efficiency in crops, did not show differences between varieties and treatments. In literature, it had been reported that the sensitivity of the stomatal conductance response to droughtinduced water stress in quinoa is low (Jensen et al., 2000) . It was further recommended that the use of leaf water potential and osmotic potential may be a better indicator to measure drought effects. This could explain the inability of stomatal conductance data to capture the water stress effects in this study.
In regard to the sensor data, the varietal effects resulting in reflectance/temperature differences were not pronounced. However, many sensor-based features were able to capture the treatment effects within a variety. The Crop Scan features (CS.NDVI, CS. WBI, CS.GNDVI) were able to capture treatment effects in most varieties. The proximal sensor data (especially PRO.GNDVI) were not able to identify the treatment effects in most varieties. The PRO.T data were able to identify treatment effects in few varieties, but the trend was not consistent. The variability in PRO.GNDVI and PRO.T data could be resulting from pixel mixing (flowering organs, leaves, etc.) and dynamic changes in environment, respectively. Interestingly, this observation was not found with UAS-based features (UAS.GNDVI, UAS.T), where the features were able to capture the treatment effects within a variety in most varieties at all growth stages. It should be noted that UAS.T data were also able to capture the varietal differences at the D3 stage, which needs to be further investigated.
Relation between Sensing Data with Stomatal Conductance and Other Agronomic Traits
The correlation analysis was performed to determine the relationship between the ground reference data (stomatal conductance, days to flowering, plant height, and seed yield) with features extracted from sensor data. During this analysis, the correlation between stomatal conductance with PRO.GNDVI and PRO.T data was not significant at the D1 stage of data collection (r = |0.12|, p = 0.36). The treatment differences may not have been established at earlier stages of crop development. At the remaining two stages (D2 and D3), there was a significant correlation between stomatal conductance and sensor features as summarized in Table 2 , especially with Crop Scan and UAS data-based features. The proximal data features did not show significant correlation, similar to their inability to capture treatment effects within a variety. Figure 1 presents the correlation between stomatal conductance with GNDVI and UAS-based canopy temperature at D3 data collection stage. It should be noted that the treatment effects were not captured with stomatal conductance measurements (y axis); however, the canopy temperature and GNDVI data were able to clearly capture the treatment effects (x axis) with distinct canopy temperature/GNDVI differences between non-irrigated and irrigated plots.
The agronomic traits (days to flowering, plant height, and seed yield) were also compared with sensor features at D3 and D4 stages of data collection (Table 3) . In regard to the seed yield, Pison and QQ 74 had a good seed yield, followed by Japanese Strain and Baer under irrigated conditions. However, 3 UISE, BGQ 532, and La Molina had very poor to no seed yield under irrigated conditions. Nevertheless, as the goals were to compare the crop performances using sensing systems, the available data were utilized. In general, the plant height was consistently correlated with all sensor features, acquired at different scales.
Comparing different scales, the highest correlation between sensor features and plant height was achieved from Crop Scan features (CS.NDVI and CS. WBI) and UAS temperature data (UAS.T, Fig. 2 ). This followed by PRO.T, CS.GNDVI, UAS. GNDVI, and PRO.GNDVI. The days to flowering data were not correlated with sensor features, except UAS.GNDVI data at D3 stage of data collection. In regard to the seed yield, the Crop Scan data and UAS data (GNDVI and temperature) were correlated with seed yield at D3 stage. This would indicate the importance of this time point for phenotypic data collection using sensors. The UAS.GNDVI and PRO.GNDVI were also correlated with the seed yield at D4 growth stages, although the correlation coefficients were low. When the data were re-analyzed using four varieties (Baer, Japanese Strain, QQ74, and Pison), a significant correlation between image features and both growth stages were found (Table 3) . In summary, a strong correlation between sensor features and plant height can be established, with relative estimation of yield at early fruit development stages. 
Relation between Sensing Data Acquired at Different Scales
The relationships between the data extracted from different sensors at multiple scales (handheld, proximal, and remote sensing) were evaluated. This was important to understand the reliability of collected data across multiple scales. In general, the Crop Scan data were correlated with UAS and PRO data ( Table 4 ). The Crop Scan data was consistently highly correlated with the UAS data collected at different growth stages (e.g., Supplemental Fig. S4,  Fig. 3 ). This indicates that either method can be used for capturing the phenotypic data using sensors. The water band index, which is sensitive to changes in canopy water status (Peñuelas et al., 1993; Champagne et al., 2001) , was found to be highly correlated with UAS-based canopy temperature (r ~ 0.81, Fig. 3 ). The correlation between Crop Scan data and proximal data was low (although significant) compared with correlation between Crop Scan data and UAS data (Table 3 ). In general, WBI was highly correlated with canopy temperature rather than GNDVI data (both proximal and remote sensing). The proximal data was also significantly correlated with UAS-based data at both time points (D3 and D4, data not shown). The correlation coefficients between the proximal GNDVI data with UAS GNDVI and temperature data were 0.29 and -0.31 at D3 stage of data collection, and 0.57 and -0.55 at D4 stage of data collection, respectively. Similarly, the r values between proximal canopy temperature data with UAS GNDVI and temperature data were -0.64 and 0.75 at D3 stage of data collection, and -0.64 and 0.68 at D4 stage of data collection, respectively. Supplemental Fig. S5 shows that the UAS-based temperature data was able to capture the treatment effects, which could not be recorded using proximal GNDVI data.
SUMMARY
Quinoa is known for its tolerance to abiotic stress conditions Hinojosa et al., 2018) such as salinity (Sanchez et al., 2003; Shabala et al., 2012) , drought (Kammann et al., 2011) , and cold (Jacobsen et al., 2005) . The mechanism used for drought tolerance include drought escape, tolerance, and avoidance, which is achieved through the tissue elasticity and low osmotic potential with the accumulation of both organic (soluble sugar, proline) and inorganic (Na
osmolytes. In addition, deeper and dense root systems along with leaf area reduction, epidermal bladder cells development (water reservoir), and small and thick cell walls assist in adjusting its water requirement (Sun et al., 2014) . This plant system has less sensitive stomatal response, which contributed to its drought tolerance (Sun et al., 2014) . In this work, the inability of stomatal conductance to identify the drought treatment effects within a variety, further highlights the findings described in literature (Jensen et al., 2000) . Nevertheless, the thermal data (proximal and remote sensing) was able to capture the drought treatment effects in varieties. Applications of utilizing thermal imaging for evaluating difference in stomatal conductance have been reported in literature (Jones et al., 2009; Espinoza et al., 2017) . The phenomenon explains aspects of evapotranspiration in leaves leading to temperature differences is described in Jones et al. (2009) . In field conditions, factors such as air temperature, humidity, wind speed, and incident radiation, along with stomatal status will influence the canopy temperature measurement. In this study, although thermal data was found to capture the treatment effects much better than the stomatal conductance data, there was a significant relationship between stomatal conductance and thermal data (especially captured using Crop Scan and UAS). We believe that the relationship would have further increased if leaf water potential was measured instead of stomatal conductance, similar to those reported in literature (Cohen et al., 2005) . The findings highlight the potential of using thermal imaging for highthroughput screening of quinoa varieties for water-use efficiency. The vegetation indices (NDVI, WBI, and GNDVI) were also able to capture drought treatment effects in multiple varieties, especially when the data was collected using Crop Scan and UAS at early fruit development stage or later. Similarly, the Crop Scan and UAS data features were not only correlated with stomatal conductance, but also plant height, and seed yield at early fruit development stage. In literature, photochemical reflectance index has been reported to exhibit a strong correlation with the plant water status under greenhouse conditions in quinoa (Winkel et al., 2002) . The flowering to early fruit development phase has been reported as critical time point to capture plant performances (including seed yield evaluation) in literature (McConkey et al., 2004) , where strong correlation between NDVI extracted from satellite-based multispectral images with seed yield in spring wheat and field pea was found. The results indicate that imaging during flowering to early fruit development stages is useful in capturing the varietal difference in crop performance.
The proximal sensing data showed higher variability, which could be resulting from issues such as spectral mixing (flowers and leaves, other plant parts), shadows, imaging orientation, and incomplete coverage of entire plot. The threshold method used to eliminate background in this study could mainly eliminate the soil background. Further processing of data using advanced methods such as k-means clustering could be effective in removal of such noises. Similarly, normalization of proximal thermal data (e.g., wet and dry pixels) could further improve the relationship between stomatal conductance and temperature data. The proximal thermal data may have also been affected by weather factors such as wind, whereas UAV thermal data was less influenced by wind as temperature data were captured from multiple plots at the same time point. Further investigation is needed to understand the benefits/ limitation of proximal sensing technique. Moreover, additional image features representing crop responses such as canopy area, soil adjusted vegetation index, etc. should also be extracted and evaluated. In this study, the relationship between the features extracted from multiple sensors at different scales was consistent and strong. In summary, high-throughput phenotyping using UASbased multispectral and thermal imaging can serve as a rapid method to capture irrigation treatment responses in quinoa and used for both breeding and precision agriculture applications. Future work will involve further validation of these findings with another set of quinoa varieties to confirm the applicability of methods across different diversity panels. Supplemental Fig. S1 . (a) Multispectral image showing the four replicate treatments of eight varieties within standard irrigated (below) and non-irrigated (above) plots; (b) the ground-based platform used for proximal sensing; (c) aerial imaging using unmanned aerial system (the inset shows multispectral and thermal camera mounted on the platform); (d) sample image of non-irrigated plots; and (e) sample image of irrigated plots. Images not at same scale.
SUPPLEMENTAL MATERIAL
Supplemental Fig. S2 . Sample UAS-based (a) false-color original (NIR, G, B as R, G, B), (b) pseudo-color green normalized difference vegetation index; and (c) pseudo-color thermal images of field plots at fruit development growth stage (D3). The color scale in GNDVI image represents range of GNDVI values; while color in thermal image represents temperature in degree Celsius. The images were acquired at 100 m AGL.
Supplemental Fig. S3 . Sample proximal system-based (a) false-color original (NIR, G, B as R, G, B) , (b) pseudo-color green normalized difference vegetation index; and (c) pseudo-color thermal images of a field plot. The color scale in GNDVI image represents range of GNDVI values; while color in thermal image represents temperature in degree Celsius. The images were acquired at 3.5 m AGL.
Supplemental Fig. S4 . Correlation between Crop Scan-based normalized difference vegetation index (CS. NDVI) with unmanned aerial system-based green normalized difference vegetation index (UAS.GNDVI) at D2 data collection stage.
Supplemental Fig. S5 . Correlation between proximal green normalized difference vegetation index (PRO.GNDVI) with unmanned aerial system-based canopy temperature (UAS.T) at D3 data collection stage.
Supplemental Table S1 . Details of quinoa varieties studied in this research.
Supplemental Table S2 . Statistical analysis of different features extracted from image data (D1 and D2) among varieties. Different letters represent statistical difference among varieties at the same irrigation rate. Bold letters highlight significant mean differences within a variety between standard irrigation (SI) and non-irrigation (NI) treatments. The features are as follows: stomatal conductance-SC; normalized difference vegetation index-NDVI; water band index-WBI; green NDVI-GNDVI; Crop Scan-CS, and proximal sensing-PRO.
Supplemental Table S3 . Statistical analysis of different features extracted from image data (D3 and D4) among varieties. Different letters represent statistical difference among varieties at the same irrigation rate. Bold letters highlight significant mean differences within a variety between standard irrigation (SI) and non-irrigation (NI) treatments. The features are as follows: stomatal conductance-SC; normalized difference vegetation index-NDVI; water band index-WBI; green NDVI-GNDVI; temperature-T; Crop Scan-CS, proximal sensing-PRO; and unmanned aerial system-UAS.
